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Abstract 
Sinkholes and sinkhole-related features in West-Central Florida (WCF) are commonly 
identified using geotechnical investigations such as standard penetration test (SPT) 
borings and geophysical methods such as ground penetrating radar (GPR) and electrical 
resistivity tomography (ERT). Geophysical investigation results can be used to locate 
drilling and field testing sites while geotechnical investigation can be used to ground 
truth geophysical results. Both methods can yield complementary information.  
Geotechnical investigations give important information about the type of soil, 
groundwater level and presence of low-density soils or voids at the test location, while 
geophysical investigations like GPR surveys have better spatial coverage and can resolve 
shallow stratigraphic indicators of subsidence. 
 
In GPR profiles collected at 103 residential sites in covered-karst terrain in WCF, 
sinkhole-related anomalies are identified using GPR and SPT methods. We analyze the 
degree to which the shallow features imaged in GPR correlate spatially with the N-values 
(blow counts) derived from SPTs at the 103 residential sites. GPR anomalies indicating 
sinkhole activity are defined as zones where subsurface layers show local downwarping, 
discontinuities, or sudden increases in amplitude or penetration of the GPR signal. “Low 
SPT values” indicating sinkhole activity are defined using an optimization code that  
vii 
 
searched for threshold SPT value showing optimum correlation between GPR and SPT  
for different optimal depth ranges.  We also compared these criteria with other commonly 
used geotechnical criteria such as weight of rod and weight of hammer conditions. 
Geotechnical results were also used to filter the data based on site characteristics such as 
presence of shallow clay layers to study the effectiveness of GPR at different zones. 
Subsets of the dataset are further analyzed based on geotechnical results such as clay 
thickness, bedrock depth, groundwater conditions and other geological factors such as 
geomorphology, lithology, engineering soil type, soil thickness and prevalent sinkhole 
type.  Results are used to examine (1) which SPT indicators show the strongest 
correlations with GPR anomalies, (2) the degree to which GPR surveys improve the 
placement of SPT borings, and (3) what these results indicate about the structure of 
sinkholes at these sites.  
 
 For the entire data set, we find a statistically significant correlation between GPR 
anomalies and low SPT N-values with a confidence level of 90%. Logistic regression 
analysis shows that the strongest correlations are between GPR anomalies and SPT 
values measured in the depth range of 0-4.5 m.  The probability of observing a GPR 
anomaly on a site will decrease by up to 84% as the minimum SPT value increases from 
0 to 20 in the general study area.  Boreholes drilled on GPR anomalies are statistically 
significantly more likely to show zones of anomalously low SPT values than boreholes 
drilled off GPR anomalies. We also find that the optimum SPT criteria result in better 
correlation with GPR than other simple commonly used geotechnical criteria such as 
weight of rod and weight of hammer. Better correlations were found when sites with poor  
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GPR penetrations are filtered out from the dataset. The odds ratio showed similar result 
while the result varied with the depth range, statistics and threshold SPT value (low N- 
value with optimum correlation), with a maximum observed odds ratio of 3.   
Several statistical results suggest that raveling zones that connect voids to the surface 
may be inclined, so that shallow GPR anomalies are laterally offset from deeper zones of 
low N-values. Compared to the general study area, we found locally stronger correlation 
in some sub-regions.  For example, the odds ratio found for tertiary hawthorn subgroup 
were 25 times higher than the odds ratio found for the general study area (WCF). 
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Introduction 
Sinkholes are common cause of damage to residential buildings and other infrastructure 
in the covered karst terrain of WCF (e.g. Frank and Beck, 1991). Sinkholes are 
depressions that form as a result of the movement or collapse of overlying soil or rock 
into subsurface dissolution cavities (Waltham, Bell and Culshaw, 2005). They are 
classified into three major types based on their geological configuration and mode of 
failure (Frank and Beck, 1991). Cover –collapse sinkholes are sinkholes that develop 
subsurface voids within the overburden soil until eventually the top layer collapses into 
the void. Cover–subsidence sinkholes on the other hand occur when the overlying soil is 
slowly raveling into the underlying cavity gradually resulting in surface subsidence 
(Figure 1). Dissolution sinkholes occur when the roof rock of a dissolution cavity falls 
into the void (Tihansky, 1999).   
 
In a covered karst terrain such as WCF, sinkhole activities can be manifested as 
recognizable topographic depressions that may further develop with time or can be a 
concealed sub-surface process. Identifying sinkhole potential in the absence of surface 
subsidence features is a challenge and needs subsurface investigation methods. Schmidt 
(2005) states that sinkhole investigations should be done in an integrated way that 
incorporates a desk and site reconnaissance study, a geophysical investigation, a floor 
elevation mapping, a geotechnical investigation and geological interpretation, laboratory 
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analysis and structural analysis of the affected site. Standard penetration tests (SPTs) and 
   
 
a)   
b) 
   
 
c) 
  
 
Figure 1  
Sinkhole types   a) Cover–collapse  b) Cover–subsidence c) Dissolution sinkhole 
 (Source: Tihansky, 1999) 
 
cone penetration tests (CPTs) are the most common geotechnical field tests used in 
sinkhole investigation. Several authors have compared the effectiveness of the two 
methods for sinkhole investigation (Kannan, 1999; Bloomberg et al, 1988). SPTs are 
made by repeatedly vertically dropping a 63.5 kg hammer for 76 cm length until a total 
penetration of 45 cm is reached. The number of blows required to penetrate the last 30 
cm is called the N-value (British standards, 1999; A.S.T.M., 1999b). The N-value, or 
blow count, is related to the density in granular soils or stiffness in cohesive soils.  Zones 
with low N-values are expected to be associated with raveling into a sinkhole cavity or a 
dissolution cavity.  Blind drilling on sites has a low probability of intercepting a raveling 
zone (Dobecki et al., 2006). 
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GPR surveys can address these problems by identifying stratigraphic and other indicators 
of subsidence.  These indicators include downwarping or, discontinuities in near-surface 
strata, or locally abrupt increases in GPR amplitudes or penetration.  By positioning the 
boring on GPR anomalies, the total number of borings can be minimized  thereby 
decreasing total cost and minimizing unnecessary disturbance to the area.  Several studies 
have showed that 3D processing of GPR data  can be used to locate sinkhole related 
conical depressions with high precision (Figure 2, Kruse et al. 2005). Depending on the 
stratigraphy and penetration depth of the GPR signal, it is sometimes possible to see both 
sinkhole – related disturbances in the unconsolidated sediments and associated voids in 
the underlying limestone ( Stangland and Kuo ,1987). 
 
 
Figure 2                                                                                                                           
3D GPR image showing sinkhole related conical depression.                                
(Source: Kruse et. al. 2005) 
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Neither GPR nor SPTs are in themselves definitive measures of the presence of an active 
sinkhole (e.g. Schmidt, 2005).  This argument has also been made by others, including 
Zisman (2001), who developed a scoring method for characterizing sinkhole potential of 
a site using geological and geotechnical factors.  Other authors have also used different 
geological and geophysical parameters for sinkhole hazard assessment (Zhou et al, 2003; 
Edmonds, 2001; Venter et al, 1987).  
 
In this paper, we used principal component and exploratory factorial analysis to 
determine optimal depth ranges and optimization codes to find an optimum threshold 
SPT value that will maximize the correlation between GPR and SPT. The optimization 
method has an objective function that maximizes measures of decision such as Matthews 
correlation coefficient (MCC), positive predictive value (PPV), negative predictive value 
(NPV), area under the curve term (AUC) while constraining their lower limits including 
other relevant variables like sensitivity and specificity (Appendix). Related methods had 
been used by other authors (e.g. Weiss, Galen and Tadepalli (1998), Maertens (2007) and 
Power (2011)).  Maertens (2007) has tried to optimize a decision cutoff value using 
receiver operator characteristic curve analysis and by comparing decision measures such 
as sensitivity, specificity, AUC.   
 
By analyzing relationships between GPR-determined “sinkhole” anomalies and SPT 
records, we can address questions about the strengths and limitations of each method for 
detecting sinkholes.  We can also test hypotheses about sinkhole structure.  We started 
the analysis by using an optimization code to initially determine the maximum relevant 
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depth showing significant correlation between the GPR and SPT data (Appendix). For 
our study sites in WCF we examine (1) which characteristics of SPTs show the strongest 
correlation with the presence of GPR anomalies, (2) the degree to which GPR surveys 
improve the placement of SPT borings over random placing, and (3) what we can infer 
about the structure of sinkholes at these sites.  To do this, we analyze GPR and SPT data 
collected from 103 residential sites in WCF for which sinkhole activity is suspected 
(Figure 3).  Across these sites a total of 299 SPT borings were performed with an average 
of approximately 3 borings per site.   
 
To study the correlation between GPR and several optimized SPT criteria, we used 
statistical methods such as logistic regression analysis, odds ratio analysis and ROC 
analysis. The logistic regression method has been widely used in geohazard assessment 
related to landslide hazards (Wieczorek et al., 1996; Atkinson and Massari, 1998; 
Guzzetti et al., 1999; Gorsevski et al. 2000; Dai and Lee, 2002   Ayalew and Yamagishi, 
2005;    Wang and Sassa, 2005; Duman et al., 2006;  Nefeslioglu et al., 2008; García-
Rodríguez et al., 2008; S. B. Bai et al., 2010).  Receiver operator characteristic curve 
(ROC) is used to study performance of a binary classifier such as logistic regression 
model (Cody and Smith, 1997). Yesilnacara and Topalb (2005) used ROC method to 
compare the performance of logistic regression and artificial neural network method in 
predicting landslide hazard. Odds ratio analysis also gives a probabilistic measure of the 
correlation between two dichotomous events such as GPR anomaly and low SPT value 
(Cody and Smith, 1997). We also compared the results from these criteria with results 
found using weight of rod and weight of hammer criteria.  Finally, we studied the spatial 
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variation of the correlation between GPR and SPT by dividing the general study area 
(WCF) into sub-regions based on geotechnical results such as  soil property, bedrock 
depth, groundwater level and other factors including  geomorphology, geology, 
overburden thickness, prevalent sinkhole type,  and engineering soil type. 
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Study area 
The study area is located in West Central Florida (WCF). Geophysical and geotechnical 
data collected from 103 residential sites are used for the study. Most of these sites are 
located in Hernando, Pasco, Hillsborough and Pinellas counties (Figure 3) with the 
remaining sites located in Citrus, Marion and Lake counties.  The distribution of these 
study sites adequately represents the overall distribution of resident reported sinkholes in 
the above mentioned four counties within which the majority of the sites were located.  
Residential sites used for the study have a minimum, average and maximum area of 
247m
2
, 890 m
2
 and 1822 m
2
 respectively. 
 
WCF is mostly characterized by lowland physiography, with quaternary sediments 
overlying tertiary carbonate rocks (Scott, 1988). Carbonate rocks are also exposed in 
places in WCF (Florea, 2006). The geomorphology of the study area is characterized by 
lowlands, ridges, uplands and swamps. The area is covered by quaternary and tertiary 
sediments comprising sand, clay and carbonate sediments with thickness ranging from 
0m to greater than 60m (Figure 4).  At the study sites, the mean depth to groundwater is 
2.6m, with a minimum depth of 0.5m. 
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Figure 3. 
Distribution of reported sinkholes in Florida 
(blue) and study sites (red). GPR surveys and 
SPT borings are conducted at each study site. 
GPR profiles are collected by GeoView, Inc. 
and SPT borings by GroundDown Engineering, 
Inc.  
Figure 4.  
Residential study sites (red dots), soil 
type, and overburden thickness in part 
of WCF.  Capitalized labels show 
counties.   Soil types and overburden 
thickness from Sinclair and Stewart 
(1985).   
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Field Methods 
The GPR system works by emitting high frequency electromagnetic waves into the 
ground with a transmitting antenna and recording the reflected signals with a receiving 
antenna while the antenna is pulled across the ground.   The amplitude of the reflected 
signals is related to contrast in dielectric permittivity of subsurface materials. The depth 
of penetration for GPR surveys in WCF is usually less than 12.2m. The bedrock depth for 
the study area ranges from 0 to 31.5 m with a mean depth of 13.1 m.  Hence, GPR 
surveys conducted in WCF rarely if ever image dissolution cavities in the bedrock. This 
is related to the penetration limitation and to the fact that the underlying cavity may not 
be directly below the site or survey lines. However, sites affected by sinkholes often have 
raveling activity which propagates to the surface resulting in downward migration of 
granular sediments from the shallow soil layers. This movement can make near surface 
granular soils less dense and result in downward deformation of cohesive layers. These 
processes will provide recognizable features in the radar images when they are within the 
range of penetration of the GPR signal.  These features, recognized as locally 
downwarping layers, lateral discontinuities, and abrupt increases in amplitude or 
penetration, are subjectively identified from the GPR images (Figure 5). Areas 
encompassing anomalous sections of GPR transects are then delineated. 
 
The ground penetrating radar surveys and geotechnical tests at the 103 residential sites 
were made using a consistent methodology.   In this study, a Mala GPR system is used to  
10 
 
collect ground penetrating radar (GPR) profiles, generally using 3m grid spacing. The 
  
 
Figure 5 
Downwarping GPR images of sinkholes and SPT test conducted at two near by sinkholes 
 
data are collected using 250MHz and 500MHz antennas for exterior and interior portions 
of residential sites respectively (Figure 6). GPR processing steps used in the study 
include dewowing, time shifting, background removal, sometimes 2D migration, 
applying gain and using diffraction hyperbolas to estimate GPR velocity and depth (e.g. 
Yilmaz, 2000).   
 
GPR surveys are followed by geotechnical field investigations, including drilling, soil 
sampling, laboratory analysis and in-situ field tests. A minimum of three boreholes are 
drilled in 95% of the sites.  Borehole locations are chosen based on the location of GPR  
11 
 
anomalies and occurrence of damage to the building include both areas within and 
outside of GPR anomalies (Figure 6).  SPT data is collected in all boreholes. Continues 
data is collected from 1.5 to 3m and is collected at 1.5m intervals below a depth of 3m 
with boreholes typically advanced 2 to 3m into the bedrock. 
 
 
 
Figure 6 
Typical GPR survey grid on a residential site with GPR anomalies and Boreholes. 
  (Modified from GeoView, Inc.) 
 
SPT results are be used to evaluate and confirm the presence of sinkhole activity. A  
number of methods exist to characterize the strength of soil based on SPT values (e.g.  
12 
 
Carter et al., 1989). Following Meyerhoff (1956) and Peck et al. (1974), granular soils are 
considered loose if they have an N-value less than 10 and are considered dense if they 
have N-value above 30  (Figure 7). Similarly, a cohesive soil is considered very soft  if it 
has an SPT value less than 4 and hard if it has an SPT value greater than 30 (Terzaghi, 
1996). 
 
  
 
Figure 7  
Standard tables for SPT classification. (Left – Meyerhoff, 1956.  Right – Terzaghi, 1996) 
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Statistical Analyses: Results and Discussion 
Because both SPT results and GPR anomalies are indirect and imperfect indicators of 
sinkhole processes, we can use neither as a direct proxy for the presence of an active 
sinkhole.  Thus it is valid to examine SPT data as a predictor of GPR anomalies, or vice-
versa.  Here we do both, which requires us to use different statistical methods. The 
analyses in this paper were mostly done using Arcgis 10.1, AutoCAD 2010, and SAS®  
9.2 software, and optimization codes written in Perl and Matlab R2010a. 
 
Spatial classifications for GPR anomalies 
GPR and SPT data can be spatially classified on two scales.  For the first, we query 
simply whether boreholes are drilled on GPR anomalies.  For the second, we query 
whether boreholes are drilled on residential sites that exhibit any GPR anomalies.  The 
second classification effectively permits a longer correlation distance between SPT and 
GPR anomaly.   The longest diagonal distance spanned by most residential sites is 34m. 
So the second classification establishes a correlation over approximate length scales 
shorter than this which includes nearby boreholes that are not drilled exactly on the GPR 
anomaly.  With the two scales for classification, numerous groupings are made as shown 
in Table 1. 
 
Depth zone classifications for SPTs 
The GPR data are categorical data, either “yes” an anomaly is observed at the given  
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location, or “no”, no anomaly is observed at that point.  In contrast the SPT data contain a 
range of values (N-values) that vary with depth at each boring location. SPT data are  
 
 Table 1. Spatial classification for GPR anomalies. 
 
GPR 
Group 
GPR classes in Groups 
 Residential sites with at least one GPR anomaly Residential sites with no 
GPR anomalies 
Group1 Boreholes  located on sites 
with GPR anomalies and 
drilled inside the GPR 
anomalies 
Boreholes located on 
sites with GPR 
anomalies but drilled 
outside the GPR 
anomalies 
Boreholes drilled on 
residential sites with no 
GPR anomalies 
Group2 Boreholes drilled on residential sites  
with GPR anomalies 
Boreholes drilled on 
residential sites with no 
GPR anomalies 
Group3 Boreholes  located on sites 
with GPR anomalies and 
drilled inside the GPR 
anomalies 
Boreholes drilled outside any GPR  anomalies 
Group4 Boreholes  located on sites 
with GPR anomalies and 
drilled inside the GPR 
anomalies 
Boreholes located on 
sites with GPR 
anomalies but drilled 
outside the GPR 
anomalies 
 
Group5 Same as Group2 but after screening sites with No GPR 
anomalies and have shallow clay layer affecting GPR 
penetration 
 
Group6 Same as Group3 but after screening sites with No GPR anomalies and have shallow 
clay layer affecting GPR penetration 
Group7 Boreholes  located on sites 
with GPR anomalies and 
drilled inside the GPR 
anomalies 
 Boreholes drilled on 
residential sites with no 
GPR anomalies 
Group8 Same as Group7 but after screening sites with No GPR anomalies and have shallow 
clay layer affecting GPR penetration 
taken at intervals of ~1.5 meters. For the study, we considered   10 N-values are SPT 
boring.  So in order to examine at least indirectly the role of the stratigraphy in the SPT 
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readings, the SPT records are divided into three depth zones, in two different ways 
(Figure 9).   The selection of the depth zone boundaries is based first on a principal 
component and factorial analysis, which is then adjusted to depths used to demarcate SPT 
values in existing literature.  
 
Although some SPT borings in this study extend beyond 12.5 m depth, we do not 
consider readings below this depth in our analyses.  The justifications for this maximum 
depth are: (a) the average bedrock depth is 13.1m; (b) the maximum depth of GPR 
penetration is usually less than 12m (Zisman, 2001; Dobecki, 2006); (c) an effective 
depth of 12m is suggested as a depth of significant impact to most residential sites in 
Hillsborough county of WCF (Zisman, 2001).  
 
To divide the total depth range into zones with the most highly correlated depth ranges 
(those with similar SPT characteristics), we used principal component analysis (PCA) 
with factorial analysis.  This is useful for reducing the number of variables to a smaller 
set that captures most of the variability in the data in a geologically meaningful way. A 
detail discussion of principal component analysis and factorial analysis can be found in 
Cody and Smith, 1997; George and Mallery, 2005; O’Rourke, Hatcher, and J. Stepanski, 
2005.  For each of the depths shown in Table 2, the SPT value at that depth was extracted 
or interpolated from the raw data set.  Principal component method was used to extract  
the three dominant factors from the covariance matrix.  Factorial analysis then gives the 
loading, or relative contribution, of each depth value to each of three principal factors.  A 
large load indicates a variable contributes strongly to the given factor.  Factorial analysis 
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was done using the entire data set and 4 subsets:   (a) boreholes outside of GPR 
anomalies, (b) boreholes within GPR anomalies, (c) all boreholes on sites with GPR 
anomalies; and (d) boreholes on sites with no GPR anomalies.   
 
The loading values are shown in Table 2.  This table shows that, regardless of spatial 
subset, the three principal factors are strongly related to specific depth ranges.  SPT 
characteristics significantly vary with in the borehole and locally become highly 
correlated within three depth zones. These three depth zones are roughly 0-10ft; 10-25ft 
and 25-40ft.  Figure 8 shows these trends for the general study areas and other four 
subsets based on relations between GPR anomalies and borehole locations; a loading 
cutoff of > |0.35| was considered for the analysis. A loading value of 0.2 is considered 
low while a loading value of 0.5 is considered high (George and Mallery, 2005).  A 
loading cutoff of 0.35 was considered appropriate for the study (O’Rourke, Hatcher, and 
J. Stepanski, 2005). The three principal factors were selected using scree plot and each 
has an eigenvalue greater than and the three factors account for more than 70% of the 
cumulative variance as suggested by George and Mallery, 2005.     
 
In statistical work described below, we adopt these three depth zones (0-10 ft, 10-25 ft, 
25-40 ft) as a basis for analysis (Zone classification 1 in Figure Depth zones).  We are  
also interested in comparing our results with an earlier study by Zisman (2001), and in 
examining whether our results depend strongly on depth zone definitions.  So we 
additionally consider a depth classification following that proposed by Zisman (2001), 
with shallow and deep ranges of 6 -15ft and 15 - 40ft, respectively.  To maintain 3 layers 
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Table 2 Loading values for the three principal factors based on principal component and 
factorial analysis of SPT values at different depths. 
 
Study 
group 
SPT depth 
zone 
Principal 
factors 
Depth (ft) 
6 8 10 15 20 25 30 35 40 
West 
central 
Florida 
data 
Shallow Factor2 0.641 0.862 0.725 0.025 0.081 -0.2 -0.02 -0.03 -0.11 
Intermediate Factor3 -0.01 0.042 0.013 0.689 0.811 0.56 0.167 -0.02 -0.17 
Deep Factor1 -0.09 0.019 -0.1 -0.31 0.168 0.546 0.698 0.823 0.644 
Borehole
s outside 
a  GPR 
anomaly 
Shallow Factor2 0.801 0.855 0.486 0.061 0.057 -0.17 -0.09 -0.16 -0 
Intermediate Factor3 0.157 0.046 -0.17 0.442 0.788 0.711 0.357 0.12 -0.15 
Deep Factor1 -0.18 0.046 -0.09 -0.33 0.028 0.384 0.564 0.8 0.765 
Borehole
s inside a 
GPR 
anomaly 
Shallow Factor2 0.45 0.902 0.873 -0.01 0.13 -0.25 0.056 0.119 -0.24 
Intermediate Factor3 -0.3 0.109 0.132 0.82 0.809 0.383 0.04 -0.09 -0.1 
Deep Factor1 0.032 -0.04 -0.12 -0.25 0.267 0.663 0.784 0.819 0.565 
Sites 
with 
GPR 
anomaly 
Shallow Factor2 0.534 0.877 0.773 -0.01 0.055 -0.18 -0.05 0.047 -0.13 
Intermediate Factor3 -0.17 0.141 0.071 0.754 0.826 0.469 0.153 -0.09 -0.12 
Deep Factor1 -0.07 -0.04 -0.06 -0.23 0.211 0.617 0.799 0.829 0.631 
Sites 
with no 
GPR 
anomaly 
Deep Factor2 -0.1 0.288 -0.27 -0.67 -0.19 0.155 0.507 0.603 0.596 
Intermediate Factor3 0.118 -0.13 -0.1 0.281 0.819 0.67 -0.01 0.516 0.186 
Shallow Factor1 0.857 0.829 0.542 0.064 0.214 -0.23 0.066 -0.22 -0.09 
*All loading values higher than 0.35 are highlighted.  Different colors of highlighting 
are used to illustrate that the data cluster into shallow, intermediate, and deep groups.  
   
in the depth classification, we also include the new intermediate layer as defined from the 
factorial analysis to create Zone classification 2 (Figure 8 and Figure 9). 
 
As described further below, the two depth zone classification schemes yield similar 
results in the statistical analyses. 
 
SPT values as predictors of GPR anomalies 
Logistic regression is a method for describing the relationship between an independent 
variable that can take on a range of values (e.g. SPT) and a “yes or no” categorical 
dependent variable such as the presence of GPR anomaly (Cody and Smith, 1997; 
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Figure 8 
Principal factors from principal component and factorial analysis 
 
Kleinbaum, 1991).  A brief summary of the method is given in the appendix. We used 
GPR and SPT data from the 299 boreholes for the logistic regression analysis. Six 
categories of SPT criteria are defined:  the minimum SPT value observed in each of the 
three depth zones, and the average SPT value observed in each of the three depth zones 
(Table 3).  For each of these six criteria, the probability of encountering a GPR anomaly 
at the SPT site is computed as a function of the SPT value. 
 
Figure 10 shows the probability of a coincident GPR anomaly as a function of the SPT 
criteria N-value.  In this case results are shown for depth zone classification scheme 2 and 
spatial classification Group 7. If there were a perfect SPT threshold predictor of the 
presence of a GPR anomaly, SPT values lower than the specific threshold would be 
100% correlated with the presence of a GPR anomaly, and the probability of a GPR 
anomaly would be 1 for all SPT values below the threshold criteria.  The probability 
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         Classification 1                                     Classification 2 
 
Figure 9                                                                                                                            
SPT depth zones defined for use in the statistical analysis.  Left:  Classification 1, derived 
from principal component and factorial analysis.  Right:  Classification 2.  This assumes a 
shallow-deep boundary at 15 ft, following Zisman (2001).  The derived intermediate zone 
is also included for comparison.  
 
would then decrease abruptly to zero at the threshold SPT value and remain at zero for 
higher SPT values.   Thus in Figure 10, the sharper the plunge in the probability curve, 
the better the predictive capability of that variable for associated GPR anomalies. 
 
From Figure 10 it can be seen that the probability of observing a coincident anomaly 
decreases with increasing in SPT value whether using minimum or average N-values, and 
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Table 3. SPT criteria used in statistical analyses  
  
 SPT criteria Description 
 ShallowNA Average SPT value over the depth range 0-4.5 m 
Zone 
classification 1 
ShallowNM Minimum SPT value over the depth range 0-4.5 m 
IntermediateNA Average SPT value over the depth range 3-7.5 m 
IntermediateNM Minimum SPT value over the depth range 3-7.5 m 
DeepNA Average SPT value over the depth range 4.5-12.5 m 
DeepNM Minimum SPT value over the depth range 4.5-12.5 m 
Zone 
classification 2 
ShallowA Average SPT value over the depth range 0-4.5 m 
ShallowM Minimum SPT value over the depth range 0-4.5 m 
IntermediateA Average SPT value over the depth range 3-7.5 m 
IntermediateM Minimum SPT value over the depth range 3-7.5 m 
DeepA Average SPT value over the depth range 4.5-12.5 m 
DeepM Minimum SPT value over the depth range 4.5-12.5m 
 
 
 
 Figure 10                                                                                                                      
Logistic regression results for SPT depth zone classification 2, as shown in Figure 9.    
 
for all depth zones.  For example, for an increase in minimum SPT value from 0 (very 
loose) to 20 (compact), the probability of finding a GPR anomaly will decrease by 84% 
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(from 70% to 11%) in the Shallow zone, by 43% (from 60% to 34%) in the intermediate 
zone and by 24% (from 55% to 42%) in the deep zone.  The figure also shows that SPTs 
with the lowest minimum N- values have at best ~60-70% probability of coinciding with 
a GPR anomaly.  
 
Table 4. Model fit statistics for logistic regression shown in Figure 10.  
 
Model fit statistics for Classification 2 
SPT zones 
Model fit statistics for Classification 1 SPT zones 
SPT 
Criteria 
Wald            
Chi-Square 
P-value SPT 
Criteria 
Wald            
Chi-Square 
P-value 
ShallowM 11.18 <0.01 ShallowM 10.5575 <0.01 
IntermediateM 8.19 <0.01 IntermediateM 8.19 <0.01 
DeepM 2.64 0.10 DeepM 0.0549 0.82* 
ShallowA 12.42 <0.01 ShallowA 7.8761 <0.01 
IntermediateA 2.66 0.14* IntermediateA 2.66 0.14* 
DeepA 0.58 0.45* DeepA 0.4029 0.53* 
(*=not significant at 90%  CL) 
 
To test whether the results in Figure 10 are significant at the 90% confidence level, the 
model fit statistics are tested with Wald chi-square analysis (Cody and Smith, 1997) as 
shown in Table 4.  A confidence level of 90% corresponds to a P-value of 0.10 or less in 
the third column of Table 4.   A Wald Chi-Square coefficient of 0 would correspond to a 
flat line across Figure 10.  Table 4 shows that for the 6 curves shown in Figure 10, the 
90% confidence  level is met for the minimum N-value criteria at all depth zones, but the  
average N-value criteria only in the shallow zone.    
 
Figure 11shows logistic regression results for both SPT depth zone classifications, where 
only criteria that are significant with a confidence level of 90% are plotted.  In both cases, 
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the SPT criteria for the shallow zones show much lower P-values than for intermediate 
and deeper zones in general. The result indicates that shallow SPT criteria are the best 
 
  
 
 
Figure 11  
Logistic regression results for the two classifications and 5 SPT categories (Table 3) that 
satisfy the 90% confidence level criteria.  The horizontal axis shows the average of or 
minimum N-value over the defined depth range.  The vertical axis shows the probability of 
observing a GPR anomaly coincident with the SPT location.  Zero correlation would appear 
as a horizontal line.  A perfect SPT threshold criterion would appear as a vertical line that 
would drop from 1 to 0 at the threshold N-value. 
 
predictors of the presence of a GPR anomaly.  Given the similarities between the depth 
classification schemes, we present only results from classification scheme 2 for the 
remainder of the analyses. 
 
GPR anomalies as predictors of low N-value SPT results 
In the analyses above, the presence/absence of GPR anomalies was treated as the 
dependent variable.  If GPR anomalies are used instead as the independent variable, we 
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can assess the degree to which GPR surveys improve the odds of locating boreholes with 
low SPT N-values.  An odds ratio (OR) analysis is a suitable method to study the strength 
of correlation between to binary events (Cody and Smith, 1997; George and Mallery, 
2005; O’Rourke, Hatcher, and J. Stepanski, 2005). To do an odds ratio analysis, the SPT 
values for the different depth ranges should be changed into a dichotomous discrete 
variable. In this study, we used optimized threshold SPT values.  We are in essence 
seeking the optimal threshold SPT values that define a boundary between “low” and 
“high” values.  If a GPR anomaly is observed, one would expect to find “low” SPTs, if a 
GPR anomaly is not observed, one would expect to find “high” SPTs.  These threshold 
values will be different depending on the depth zone discussed and whether minimum or 
average SPT values are considered.  Once such threshold values are defined, we can then 
ask how much having GPR information improves the odds of finding “low” SPT zones. 
 
The optimum threshold criteria were defined using a two-step procedure.  First, an 
optimization code searched for an optimum threshold SPT value that showed the 
strongest correlation between the GPR and SPT results for the entire 103-site data set.  
The optimized threshold SPT values are found using an objective function that 
maximizes decision measures such as Matthews correlaton cofficient (MCC),  area under 
the curve (AUC),  the positive predictive value (PPV)  and negative predictive value  
(NPV) of  GPR anomalies for the general study area while constraining it by minimum 
sensitivity, specificity and defining a lower limit for the PPV and NPV.  Summary of the 
method is presented in the Appendix section. Similar work has been done by  Weiss, 
Galen and Tadepalli (1987)  where they used optimization method to find an optimal 
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solution using an objective function that maximizes measures of decision such as positive 
predictive value while constraining a minimum sesitivity value in a problem where 
decision threshold values are unknown. Maertens (2007) has also used AUC, sensitivity 
and specificity to find an optimal cutoff value.Two examples of the optimization are 
shown in Figure 12. As a second step, the optimized threshold values are then 
subjectively shifted slightly to values that hold geological significance in order to 
facilitate comparison with other studies.  For example, an optimal threshold N-value of 8 
is shifted to 10, which corresponds to a commonly used definition for “low” N-value 
corresponding to loose granular soil (Terzaghi and Peck, 1948).  These shifted SPT 
threshold values are designated as adjusted threshold values. 
 
Table 5 shows the threshold SPT values.  To make sure that “adjusting” the threshold 
values does not substantially change our conclusions, we compared the optimized and 
adjusted SPT treshold values using logistic regression. The results showed that adjusting 
the optimized treshhold values to the closest standard table and published values has a 
very low effect in the overall result. Hence, we used the adjusted treshold values to 
evaluate the correlation between SPT and GPR results. For example, when the SPT 
criteria is the average value over the shallow zone (0-4.5 m), this average N-value must 
be beneath 10 to be called “low” SPT (first line of Table 5). These results are reasonably  
close to previously suggested values (e.g. Zisman , 2003). 
 
With “low” SPT values now defined, the odds ratio is simply the ratio of the probability 
of observing a low SPT value on boreholes drilled on GPR anomalies to those drilled 
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a) Shallow minimum criteria 
(WCF) 
 
b) Shallow minimum criteria  for sub-
region of the study area (Tertiary 
Hawthorn group) 
Figure 12 
Optimized threshold values corresponding to values that show the maximum correlation 
between GPR and SPT methods used in the study. 
 
Table 5. Optimized and adjusted SPT threshold values                
       
SPT criteria Description  Threshold N-value for sinkhole potential 
used in odds   ratio analysis 
              Optimized Adjusted 
ShallowA Average SPT value over the depth 
range 0-4.5 m 
Average      SPT < 8 SPT <10 
ShallowM Minimum SPT value over the 
depth range 0-4.5 m 
Minimum   SPT< 5 SPT< 4 
IntermediateA Average SPT value over the depth 
range 3.0-7.5 m 
Average      SPT < 15 SPT <15 
IntermediateM Minimum SPT value over the 
depth range 3.0-7.5 m 
Minimum    SPT< 6 SPT< 4 
DeepA Average SPT value over the depth 
range 4.5-12.5 m 
Average      SPT < 17 SPT <20 
DeepM Minimum SPT value over the 
depth range 4.5-12.5 m 
Minimum   SPT < 6 SPT<5 
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outside GPR anomalies.  An odds ratio of 1 indicates that the odds of finding a low SPT 
are equal for boreholes drilled inside and outside GPR anomalies.  An odds ratio greater 
than 1 implies that GPR data “add value”, in that SPTs on GPR anomalies are more likely 
to encounter zones with N-values below the threshold.  
 
For each of the GPR groups in table 1, the odds ratios and significance test are computed 
for the six SPT criteria using SAS.  The results are shown in Table 6.  For inclusion in 
Table 6, the null hypothesis (an odds ratio of 1) should be able to be rejected at a 
confidence level of 90%.  (This corresponds to P-values less than 0.1 in Table 6.)  
The odds ratio is the ratio of the probability of observing a SPT value below the threshold 
on boreholes drilled on GPR anomalies to that for boreholes drilled outside GPR 
anomalies. An odds ratio >1 indicates that the odds of finding a low SPT value are higher 
for boreholes drilled on GPR anomalies. 
 
 
Figure 13                                                                                                                           
Odds ratio for the different SPT zones  
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Table 6.  Odds ratio analysis results for SPT categories in the general study area with 
ratios significantly different from 1.   
 
Data 
Group 
SPT Criteria Depth 
Range 
(m) 
SPT  
Threshold 
value 
Odds Ratio for 
observing SPT 
below threshold 
based on GPR 
anomaly 
P-Value 
 
Group 2 ShallowA 0-4.5 10 2.22  0.0001 
ShallowM 0-4.5 4 2.27  0.0001 
Group3 ShallowA                 0-4.5 10 2.00  0.0017 
IntermediateA 3-7.5 15 1.76  0.0064 
ShallowM 0-4.5 4 2.63  0.0001 
IntermediateM 3-7.5 4  1.39  0.0376 
Group 4 DeepA 4.5-
12.5 
20 1.95  0.038 
ShallowM 0-4.5 4 1.77  0.0198 
Group 5 ShallowA 0-4.5 10 2.1  0.0001 
ShallowM 0-4.5 4 2.5  0.0001 
IntermediateM 3-7.5 4 1.6  0.0019 
Group 6 
ShallowM 0-4.5 10 2.48  0.01 
ShallowA 
0-4.5 4 
1.92 
 
0.02 
Group 7 
ShallowM 
0-4.5 10 
2.89 
 
0.01 
ShallowA 0-4.5 4 2.57  0.01 
Group 8 
ShallowM 0 -4.5 4 3.21  0.01 
 
ShallowA 
0 -4.5 10 
2.44 
 
0.01 
 
We note that in most cases the odds ratios computed using minimum SPT N-value 
criteria are higher than corresponding odd ratios using average SPT N-value. The odd 
ratios are also generally highest for shallow zones, lower for intermediate zones, and 
lowest or statistically insignificant for the deep zones.  The overall highest odds ratio was 
for ShallowM with GPR classification of Group 7. 
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Figure 14  
Map of localized sub-regions. Classification is  based on:  
a) Geomorphology and Soil type  
b) Geology  
c) Overburden thickness and prevailing sinkhole  types in West Central Florida   
   (Modified from Sinclair and Stewart, 1985). 
d) Geographic division of the study area 
(Source: SWFWMD, FGS, FDIP, and sinkhole data from GeoView, Inc and 
GroundDown Engineering, Inc) 
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Sub-regions classification 
The study area is divided into sub-regions to evaluate the dependency of the correlation 
between GPR and SPT on geotechnical and geological factors (Table 7 and Figure 14). 
These geological factors include, engineering properties of the overburden soil, 
groundwater level, bedrock depth, depth of clay layer, geomorphology, lithology, 
overburden thickness and prevalent sinkhole type. Classification for prevalent sinkhole 
type and overburden thickness is derived from the map by Sinclair and Stewart, 1985 and 
other boundaries for the sub-regions are derived from FDIP shape files.  
 
Table 7 Spatial classification of the general study area into localized sub-regions      
     
SPATIAL ZONES   
 ( Based on Figure 15) 
General 
area 
Study area West Central Florida  including the counties: 
Hillsborough, Hernando, Pasco, Pinellas, Citrus, Marion, Lake 
Localized  
Sub-
regions 
County 
Zone 
Hillsborough 
(1) 
Pasco 
(2) 
Hernando 
(3) 
Pinellas 
(4) 
Geomorphology 
Zone 
Ridges 
(1) 
Lowland (2) Upland 
 (3) 
Engineering Soil  
Type Zone 
Clayey sand 
(1) 
Carbonate 
(2) 
Med. To fine sand /silt 
(3) 
Geology 
Zone 
Tertiary 
hawthorn 
group 
(1) 
Quaternary 
unconsolidated 
sediment 
(2) 
Quaternary 
beach ridge 
and dune 
sediment 
(3) 
Tertiary 
hawthorn 
group- 
Tampa 
member 
(4) 
Overburden 
thickness (SK1) 
30 ft or less 
(1) 
30-200ft 
(2) 
  
Prevalent sinkhole 
type 
(SK2) 
Solution 
sinkholes 
(1) 
Cover-collapse 
sinkholes 
(2) 
Cover–subsidence 
sinkholes 
(3) 
 Groundwater level 10ft or less 
(1) 
Greater than 10ft 
(2) 
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The correlation between GPR and SPT is significantly increased for some sub-regions  
than for the data set as a whole.  These sub-regions are highlighted in gray in Table 7; the 
odds ratios are summarized in Figure 15; logistic regressions in Figure 16.  The complete 
logistic regressions and odd ratios for the sub-regions are shown in the appendix. 
Selected results of interest are described in the context of the discussion below. 
 
 
 
 
 
 
 
Figure 15                                                                                                                    
Summary of odds ratio for different zones of the general study area. The odds ratio 
results are for Group 3. Description for zone numbers is given on table 7. 
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Discussion on underlying geological phenomenon 
The results from logistic regression and odds ratio generally show significant correlation 
between GPR and SPT results. For the general study area, while the logistic regression 
models were able to effectively predict the absence of GPR anomaly for corresponding 
high SPT values, they were only moderately effective in predicting the presence of GPR 
anomaly for corresponding low SPT values.  Even with optimal thresholds for shallow 
depth zone SPTs, there is a probability of ~60-70% of observing a GPR anomaly over an 
SPT low. However, these moderate correlations were improved to very strong 
correlations in some areas, when the same analysis was carried out for local sub-regions 
accounting for local variations in different geological aspects. 
 
The imperfect correlations between low SPT values and GPR anomalies for the general 
study area could be explained by a variety of phenomena. Possible explanations for low 
N-values present without corresponding GPR anomalies include (a) GPR surveys may 
not be effective at imaging some sinkhole- related anomalies due to poor penetration in 
the presence of a shallow clay layer or absence of shallow reflectors; (b) partially 
saturated unconsolidated sediment may be naturally loose without being disturbed by 
sinkhole activity; or (c) there may be stiff layers over a growing void or raveling zone, as 
in the case of cover-collapse sinkholes (e.g. Tihansky, 1999).  
 
Conversely, cases where GPR anomalies are recorded but without underlying low SPT 
N-values could be attributed to (a) GPR anomalies that represent stabilized (paleo-karst) 
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features; or (b) active sinkholes with shallow cohesive soil layers that gradually deform 
downward as one unit without disturbing its overall stiffness or density. 
 
Finally, one phenomenon that could explain both cases is simply a scenario in which 
GPR anomalies and low SPT N-values associated with a common sinkhole are 
nevertheless spatially offset from each other.  For example, material migrating into a 
cavity may migrate laterally or along an inclined path, contrary to the simple assumption 
of a vertical path. Statistical results relevant to each of these possible phenomena are 
discussed in turn. 
 
GPR limitations: lack of penetration due to shallow clays; the absence of reflectors; 
misinterpretation of GPR anomalies.  Where shallow clay is present, GPR penetration 
can be poor and GPR anomalies may be absent due to poor GPR penetration rather than 
the absence of sinkhole activity. While most clay soils in the study area are sandy clays, 
there are also pure clay layers in some areas which further reduced the penetration depth 
of the GPR signal. In this study, we simplified the variable clay constitutes by using the 
same screening and SPT criteria for all types of clay soils. To see how much of the misfit 
between low SPT N-values and GPR anomalies can be explained by this clay masking 
effect, logistic regression is carried out for the six criteria after screening the residential 
sites characterized by poor GPR penetration and no GPR anomaly in Group 7. The 
presence of clay layer within a depth of 4.5m is used as a criterion to screen sites for poor 
GPR penetration, to create Group 8. Based on the analysis for GPR Group 8 (Figure 16),  
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the filter criterion has increased the correlation. The probability of finding a GPR 
anomaly in areas with very low average or minimum SPT in the shallow zone has 
increased by 11% from a maximum of 70% (for Group 7) to a maximum of 78% (for 
Group 8) after applying the screening.   Of the sites with very low SPT values but no 
GPR anomalies, somewhat less than a third of the absence appears to be explained by 
clays masking GPR signals. 
 
The absence of GPR anomalies could also occur where reflecting horizons are themselves 
absent.  This could perhaps partly explain the low correlation between SPT and GPR 
observed in areas characterized by lowland medium fine sand deposits (Figure 15).  
Some GPR anomaly features such as downwarping and discontinuities may not be related 
to any sinkhole activity and could be simply results of depositional and erosional 
activities.   
 
For example, we can think of a scenario where a small gulley develops by eroding 
cohesive surface sediment in the past and later be completely buried by deposition of 
sandy soil covering both the channel and the banks and flood plain. At shallow depth, this 
feature could give a well-defined downwarping reflection and discontinuity and could be 
mistaken as a sinkhole feature.  We cannot assess the prevalence of such 
misinterpretations with existing data. 
Loose soils not related to sinkhole activity.  Partially saturated unconsolidated sediment 
may be naturally loose without being disturbed by sinkhole activity, producing low SPTs 
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but no GPR anomaly.  This effect appears to be very significant in sub-regions with 
a  
b  
 
Figure 16 
Logistic regression showing the effect of shallow clay layer on the correlation between  
GPR anomaly and  low SPT values for SPT zone classification 2. 
 
a) Group 7         b) Group 8 
 
 
geology classified as Quaternary Unconsolidated Sediment.  Figure 15 shows the shallow 
zone odds ratio for the unconsolidated sediments is much lower and not significant (90% 
CL) as compared to both the general study area and other geological zones. In contrast, 
the odds ratio for the Tertiary Hawthorn group, Tampa member and beach ridge and dune 
sediments were much higher than what is observed to the general study area for GPR 
anomalies classified with Group 3. These differences are even higher for Group 7 
classification, with odds ratios of 74, 32, and 6 for Th, QBd and That units respectively 
(Figure 18), compared to 2.9 for the general study area.  Logistic regression curves show 
steeper fall-offs, indicative of stronger SPT-GPR correlations, for all settings compared  
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to quaternary unconsolidated sediment (Figure 17 a). These results indicate that low SPT 
values at shallow depths in quaternary unconsolidated sediment zones are more likely due 
to other causes; in other geologic zones they are much more likely due to sinkhole 
activity. The presence of high correlation in the ridge topography suggests similar point 
in a sense that sediment forming ridge topography may be more compacted as compared 
those forming a lowlands. The AUC curves for both sub-regions are relatively high in 
Figure 17c as compared to the general study area. 
Cover-collapse sinkhole activity.  Where exceptionally thick clays support cover-collapse 
style processes, surficial strata may show no deformation and hence no GPR anomaly. 
The study confirms that areas having thick clay deposits and characterized by prevalent 
cover - collapse sinkholes show weaker correlation between GPR and SPT (odds 
ratio=1.2)  as compared to areas with prevalent Cover–subsidence(odds ratio=3.75)  and 
thinly covered dissolution type sinkholes (odds ratio=12).  Thus our results are in 
agreement with earlier studies of deformation style, and suggest that GPR is, as expected, 
less useful as an indicator for sinkhole activity in areas of cover-collapse style activity.  
 
Downwarping without raveling.  Active sinkholes may have shallow cohesive soil layers 
that gradually deform downward as one unit without disturbing its overall stiffness or 
density, and may show a GPR anomaly without corresponding low SPT.  Such processes 
could also partially explain the low correlation observed in areas with prevalent cover-
collapse sinkholes characterized by more thick cohesive soils.   
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Figure17                                                                                                                             
A) & B) Comparison of logistic regression curve between sub-regions and the general 
study area. C) Comparison of AUC of Shallow SPT criteria for the general study area 
with deeper criteria for the general study area, weight of rod/ hammer conditions  (WR, 
WRD, WH, WRHD) for the general study area and shallow criteria for sub-regions of 
the study area (Tertiary hawthorn group and ridge physiography) 
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Inactive sinkholes.  GPR anomalies that represent features of sinkholes that are no longer  
active may not have coincident low SPT values.  For example, Figure 5 shows a GPR 
image collected over two suspected sinkholes in Tampa, Florida, originally studied by 
 
                          
Figure 18 
 Comparison of odds ratio for the general study area and different sub-regions 
 
Stewart and Parker (1985). While both sinkholes show very similar sinkhole features, 
SPT tests conducted on the two anomalies show high variation. While the SPT value at 
the right sinkhole appears to have a more or less consistent low SPT values dominated by 
weight of rod conditions, the opposite result is observed in the left sinkhole, where a 
more or less consistent SPT value corresponding to a compact soil is observed. Hence, 
the SPT data at least suggests a stabilized sinkhole on the left side. 
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Complex sinkhole structure and activity.  Several aspects of this statistical analyses 
support the hypothesis that GPR anomalies may be associated with, but laterally offset 
from low SPT borings.   Odds ratios for group 3 classification are lower than for group 7.  
Group 3 compares all boreholes drilled on GPR anomalies against all boreholes drilled 
outside GPR anomalies, irrespective of the presence of other possible GPR anomalies at a 
given residential site.   In contrast Group 7 classifications compares boreholes drilled on 
GPR anomalies against only boreholes drilled on residential sites with no GPR 
anomalies.  This latter grouping (Group 7) excludes boreholes drilled outside GPR 
anomalies but located in residential sites with GPR anomalies.  The higher odds ratio for 
group 7 (Figure 18) suggests those on sites with GPR anomalies, nearby boreholes are 
more likely to encounter low N-values. 
 
Another result supporting the above hypothesis is the observation that minimum N-value 
criteria show better correlation with GPR anomalies than average N-value criteria, for 
both logistic regression analysis and odds ratio analysis.  Figure 17c, shows that AUC 
value for the shallow criteria is much higher than the AUC value for the intermediate and 
deeper criteria and other commonly used geotechnical criteria such as weight of rod and 
weight of hammer conditions. This suggests that sinkhole-related low N-value zones are 
thinner than the extent of the defined depth zones (0-4.6 m or 3.1-7.6 m).   If cavities are 
vertically below GPR anomalies, one should expect consistently low N-values in all 
zones of a vertical borehole.  So a given vertical borehole may only encounter a portion 
of an inclined disturbed low N-value zone. 
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Finally, a third result supports the hypothesis that inclined zones of low N-values 
terminate at GPR anomalies at the surface.  Minimum N-value criteria for shallow depths 
(0-4.6 m) show stronger correlation with the presence of GPR anomalies than the criteria 
for intermediate depths (3.1-7.6 m).  N-values at deepest depth ranges (4.6-12.2 m) show 
the weakest or insignificant correlations.  These are observed in both the logistic 
regression and odd ratio measures.    
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Conclusions 
Sinkhole related features identified on GPR images and SPT values within three depth 
ranges were used to examine relationships between GPR anomalies and SPT N-values at 
103 residential sites in WCF.   Logistic regression analysis was used to examine SPT 
values as an indicator of sinkhole-related GPR anomalies, and odd ratios were computed 
for GPR anomalies as predictors of low SPT values which are defined based on optimum 
correlation criteria.  Both methods show statistically significant correlations between 
GPR anomalies and zones of low SPT N-values at depth ranges of 0-4.5 m and 3-7.5 m. 
These optimized correlations are further improved when sites with poor GPR penetration 
are screened from the general dataset.  The optimum SPT criteria also showed better 
correlation with GPR anomaly than a simple weight of rod / weight of hammer 
classification.  
 
The GPR-SPT relationship is highly sensitive to surficial geology classification, with 
Quaternary unconsolidated sediment showing the poorest correlation.  One interpretation 
of these results is that loose strata unrelated to sinkhole activity may be common in these 
settings. 
 
The strongest correlations are observed when low-SPT threshold criteria are based on 
minimum SPT values rather than average SPT values over a given depth range.  This 
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suggests that raveling associated with sinkhole activity as measured in a vertical boring is 
generally confined to thicknesses less than the ~5m thickness of the shallowest depth 
zone defined in this study.     
 
The statistical methods clearly show the strength of the SPT–GPR correlation decreases 
with depth. These observations suggest that raveling zones that connect voids to the 
surface may be inclined, such that shallow GPR anomalies are laterally offset from 
deeper zones of low SPT N-values. 
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Appendix A: Summary of statistical methods used for data analysis 
Logistic regression is a robust extension of multiple regressions that can be used to study 
the relationship between discrete responses of an event using explanatory variables that 
can be either continuous or categorical value (SAS Institute, 2008). One of the robustness 
of this model is that it doesn’t require any normal distribution assumption. Several texts 
discuss in detail about logistic regression models (Cox and Snell (1989), Stokes, Davis, 
and Koch (2000), Hosmer and Lemeshow (2000), Agresti (2002), and Collett (2003)). 
For binary response models such as “Yes, borehole is drilled on GPR anomaly” and “No, 
borehole is not drilled on GPR anomaly”, any borehole in the database will have a 
response of yes or no. Hence, we can calculate the probability of having GPR anomaly or 
the probability of not having a GPR anomaly as; 
Probability of having a GPR anomaly 
                   
                                            
                           
    (1) 
Probability of not having a GPR anomaly 
                   
                                             
                           
   (2) 
We can also compare the probability of the two events of having a GPR anomaly and not 
having a GPR anomaly using the odds ratio defined as; 
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       (3) 
Or using logit defined as; 
                             
                 
              
      (4) 
While both the OR and Logit tells us the probability of an ‘event’ normalized over the 
probability of ‘nonevent’ or vice versa, we can also use logistic regression to explain the 
rate of change in this ratio with change in a given explanatory variable. For example, we 
can ask question like, “How does the odds of having a GPR anomaly change with 
increase in SPT value in a given site”. In logistic regression, we can relate these two 
variables in a similar way as linear regression but using a logit link function using 
maximum likelihood estimation. In SAS and SPSS software, this is carried out using a 
Fisher scoring algorithm or Newton –Raphson algorithm as discussed by Firth (1993) and 
Heinze and Schemper (2002). The logistic regression equation for the above example 
would be; 
                              (5) 
Where,  is the intercept parameter and              is a vector of n slope 
parameters corresponding to n explanatory variables. In univariate logistic regression,   
would just be a coefficient of the single explanatory variable. 
For a continuous or discrete explanatory variable, we can calculate the probability of 
having an event (GPR=’Yes’) using the formula; 
 
50 
 
                   
 
           
       (6) 
In SAS, we can use the results from logistic regression and plot the logistic regression 
models graphically as shown in the Figure 19. 
 
Software such as SAS uses several methods to test the model fit statistics such as -2log 
likelihood, Akaike Information Criterion (AIC) or Schwarz Criterion (SC) or to test the 
model estimates such as Wald Chi-Square test. A detail description of these statistical 
methods can be found in Cox and Snell (1989), Allison (1999), Hosmer and Lemeshow 
(2000), and Collett (2003). Methods such as Receiver Operation Characteristics curves 
(ROC) can be used to evaluate the performance of logistic regression models. A ROC 
curve (Figure A1) is just the plot of the sensitivity (Figure A2) or true positives (e.g. 
Borehole sites having a GPR anomaly and predicted as having a GPR anomaly) and 1 – 
specificity or false positive (e.g. Borehole sites not having a GPR anomaly but predicted 
as having a GPR anomaly). The curve is made by plotting the sensitivity specificity as the 
cutoff probability for deciding the presence of GPR anomaly is varied (Probability of 
50% is usually used as a cutoff to determine the presence or absence of an event). Area 
under the curve correspond to the area under the curve and above the diagonal line and 
will usually have a value ranging between 0.5 (value corresponding to a random 
predictor) and 1 (value corresponding to a perfect predictor). 
 
Optimized Correlation 
Optimization consists of maximizing for a real function by using input variables from a  
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defined domain or subject to one or more constraints. In this study, we tried to find the 
SPT threshold values that give optimized correlation between GPR and SPT results. 
 
 
 
 
Figure  A1 
Logistic regression curve (left) and Roc curve (right). Area under the curve 
corresponds to the area under the curve and above the diagonal line and will usually 
have a value ranging between 0.5 (value corresponding to a random predictor) and 1 
(value corresponding to a perfect predictor). 
 
Figure A2 shows a matching matrix (confusion matrix) that relates the predicted outcome 
or test result of an event with the actual observation or condition determined by a golden 
standard. In this analysis, just for comparison, we can take the SPT results as a Golden 
standard and test the effectiveness of GPR test in predicting the presence (+VE) of “ Low 
SPT condition”  or absence  (-VE) of   “ Low SPT condition”.  “Low SPT condition” can 
be defined has having an SPT value below a certain threshold SPT value. For example, 
the SPT threshold N-value = 10  for average SPT statistics but 5 for minimum SPT 
statistics. Several tests can be used to evaluate the performance of the classifier or the test 
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(Powers, 2011).  For example, we can evaluate the performance of our test by calculating 
the total accuracy or Matthews correlation coefficient of the matrix.  
 
 
 
Figure  A2 
Summary of formulas used to calculate measures of decision 
 
 
               
     
           
       (7) 
    
            
√                             
      (8) 
Where TP= True positive, FP=False positive, TN=True negative and FN=False negative 
results. 
In addition, the area under the curve (Figure A1) can also be used to evaluate the 
performance of the model or the effectiveness of GPR in locating sites with Low SPT 
value. We also calculated a profile score which is the average of NPV and PPV. 
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In our study, we started the analysis with unknown “SPT threshold N-value”. Hence, we 
used an optimization code to find an optimized SPT threshold N-value that gives an 
optimum correlation between GPR and SPT.  
The optimization code calculated the AUC for several SPT criteria using SAS 9.2 for 
each SPT threshold value ranging from 0 (void or Weight of rod condition) to 30 (very 
dense soil). It also calculated the optimum score for the positive predictive value, 
negative predictive value, total accuracy, maximum correlation, sensitivity and 
specificity. The sensitivity and specificity were constrained above a value of 4 and NPV, 
PPV, AUC, total accuracy and profile score are constrained above a value of 5. The 
objective function then optimized for the SPT threshold value that gave the optimum 
correlation between GPR and SPT using a weighted sum of the threshold values that gave 
maximum values for Matthews correlation coefficient, total accuracy and AUC scores. 
Table A1 shows the list of decision measures that can be used in the optimization. We 
can select few of the measures for optimization. Hence, we have, 
      ∑         , subject to:    [    ]    [    ]   (9) 
Constrains, 
Sensitivity, specificity   4 
NPV, PPV ≥ 5 
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Table A1 List of parameters used to find optimized correlation between GPR and SPT 
Measure / 
Variable  Name 
Total accuracy Matthews 
correlation 
AUC Profile score 
Threshold value 
with maximum 
score 
T1 T2 T3 T4 
Weight or score W1 W2 W3 W4 
j 1 2 3 4 
  
         
Figure  A3 
Typical optimum correlation between GPR and SPT 
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Appendix B: Effect of spatial variation on the correlation of GPR and SPT 
The effectiveness and response of both GPR and SPT in identifying sinkholes is 
dependent on geological characteristics of residential sites. We hypothesized that the 
correlation between GPR and SPT is also highly affected by the spatial variation of 
geological factors such as geomorphology, lithology, bedrock depth and engineering 
property of the overburden soil which are collectively called spatial factors in this paper.  
Local geologic configuration of sites will affect the effectiveness of both GPR and SPT 
results in several ways. For example, areas that are already dominated by loose, saturated 
and unconsolidated sediments can have low SPT value even without the presence of any 
sinkhole activity (Figure B1). Hence, low SPT criteria would not be reliable in such areas 
and we expect poor correlation with GPR results. Similarly, GPR methods will not be 
effective in areas dominated by shallow clay layer and poor GPR result in such areas can 
result in poor correlation with low SPT criteria. To account for this variation, we divided 
the study area to study how the correlation between the two methods varies in different 
sub-regions (Table B1) of the general study area. Primarily we used statistical test to see 
if there is significant variation in SPT value and the correlation between SPT and GPR 
for the different localized zones.  
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Table B1 Spatial classification of the general study area into localized sub-regions         
 
 
SPATIAL 
ZONES 
( Based on 
Figure 15) 
General 
area 
Study area West Central Florida  including the counties: 
Hillsborough, Hernando, Pasco, Pinellas, Citrus, Marion, 
Lake 
Localized  
Sub-
regions 
County 
Zone 
Hillsborough 
(1) 
Pasco 
(2) 
Hernando 
(3) 
Pinellas 
(4) 
Geomorphology 
Zone 
Ridges 
(1) 
Lowland (2) Upland 
 (3) 
Engineering 
Soil  Type Zone 
Clayey sand 
(1) 
Carbonate 
(2) 
Med. To fine sand /silt 
(3) 
Geology 
Zone 
Tertiary 
hawthorn 
group 
(1) 
Quaternary 
unconsolidated 
sediment 
(2) 
Quaternary 
beach ridge 
and dune 
sediment 
(3) 
Tertiary 
hawthorn 
group- 
Tampa 
member 
(4) 
Overburden 
thickness (SK1) 
30 ft or less 
(1) 
30-200ft 
(2)  
Prevalent 
sinkhole type 
(SK2) 
Solution 
sinkholes 
(1) 
Cover-collapse 
sinkholes 
(2) 
Cover–subsidence 
sinkholes 
(3) 
  Groundwater 
level 
10ft or less 
(1) 
Greater than 10ft 
(2) 
Note: Highlighted zones showed better correlation than the general study area 
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b
 
 
c
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d  
e  
 
Figure B1                                                                              
Profile plot of the different SPT criteria for Group 2 
a) Profile plot  - Average SPT   
b) Profile plot – Soil type 
c) Profile plot –Geomorphology 
d) Profile plot - Average and Minimum SPT 
e) Profile plot - Geology 
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Appendix C: Logistic regression for local sub-regions using SPT as predictor 
We did logistic regression to see the effect of increasing SPT value in predicting the 
presence of GPR anomaly for each sub-region. It can be clearly seen from the results that 
areas with GPR anomalies has associated low SPT values which are more pronounced in 
the Shallow SPT zone than the intermediate and deep SPT zones. These associations are 
much stronger in the sub-regions than the general study area. Figure C1 shows these 
results. 
 
For example,   for Geology Zone 2, the probability of finding GPR anomalies decreased 
significantly with increase in average SPT values from 0 (very loose soil) to 20 (compact 
soil) in the shallow and intermediate zones. Accordingly the probability decreased by 
100% (100% to 0%) for Shallow minimum and intermediate minimum SPT criteria and 
by 79% (100% to 21%) for shallow average criteria. 
 
The result shows that areas with GPR anomalies has associated low SPT values which are 
more pronounced in the Shallow SPT zone than the intermediate and deep SPT zones. 
Moreover, the correlation between GPR and SPT for some sub-regions has significantly 
increased as compared to the correlation observed in the general study area. 
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e
 
f)
 
Figure C1                                                                                                        
Logistic regression showing the probability of having a GPR anomaly as a 
function of low SPT values for the localized zones.  a) Geomorphology  
(zone 1) b) Geomorphology (zone  2)  c) Soil type (zone 1)        d)  Soil 
type (zone 2)   e) Geology (zone1)  f) Overburden thickness (Zone 2) 
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Appendix D: Comparison of the performance of logistic regression models 
Receiver operating characteristic curve (ROC curve) is a graphical plot used to evaluate 
the performance of a binary classifier such as logistic curves as its discrimination 
threshold is varied. It is a plot of sensitivity vs 1 - specificity of an SPT criterion while 
progressively incrementing the probability cutoff value used in deciding between the 
presence or absence of GPR anomaly from 0 to 1. Comparison of the area under the 
curve (AUC- given in brackets) between the ROC curves for the general study area and 
the sub-regions is carried out for the different groups. Figure D1 show an example of 
such analysis where AUC value of 1.0 is expected when there is a perfect match between 
the presence/absence of GPR anomaly and the presence/absence of low SPT value.  The 
results show that the performance of the logistic regression models has significantly 
increased when similar analysis was made for sub-regions. For example, on Figure D2 
and 25, the auc value for the geological sub-region characterized by tertiary hawthorn 
group is 89 for shallow minimum SPT criteria. When we compare this result with the 
general study area, it would be 63which is much lower than sub-region. Similarly, higher 
auc value of 94 is observed for geomorphological sub-regions characterized by ridges and 
this is much higher than what is observed for the general study area. Based on the 
analysis, it is observed that there is significantly strong correlation between GPR 
anomalies and SPT values in parts of the study area except in the central part of the study 
area which is characterized by lowland, unconsolidated quaternary sediments with  
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 a  b  
A) Roc curve for Group7- General Area        B) Roc curve for Group7 – Geology=1 
A) ROC Contrast between SPT criteria (General study area) 
Contrast Estimate 
Standard 
Error 
95% Wald 
Confidence Limits Chi-Square Pr > ChiSq 
Min6-15ft - Avg6-15ft 0.0133 0.0369 -0.0591 0.0856 0.1291 0.7194 
Min10-25ft - Avg6-15ft -0.0918 0.0390 -0.1683 -0.0153 5.5380 0.0186 
Min15-40ft - Avg6-15ft -0.0954 0.0457 -0.1850 -0.00579 4.3535 0.0369 
Avg10-25ft - Avg6-15ft -0.1086 0.0395 -0.1860 -0.0313 7.5787 0.0059 
Avg15-40ft - Avg6-15ft -0.0945 0.0440 -0.1807 -0.00820 4.6065 0.0319 
Perfect Match - Avg6-15ft 0.3845 0.0328 0.3202 0.4488 137.3322 <.0001 
 
B) ROC Contrast Between SPT criteria (Geology, Zone=1) 
Contrast Estimate 
Standard 
Error 
95% Wald 
Confidence Limits Chi-Square Pr > ChiSq 
Min6-15ft - Avg6-15ft 0.1364 0.0812 -0.0228 0.2955 2.8206 0.0931 
Min10-25ft - Avg6-15ft -0.2045 0.1092 -0.4186 0.00946 3.5094 0.0610 
Min15-40ft - Avg6-15ft -0.2374 0.1554 -0.5419 0.0672 2.3340 0.1266 
Weight of rod  - Avg6-15ft -0.0556 0.1044 -0.2602 0.1491 0.2832 0.5946 
Avg10-25ft - Avg6-15ft -0.1944 0.1322 -0.4536 0.0647 2.1620 0.1415 
Avg15-40ft - Avg6-15ft -0.2399 0.1339 -0.5023 0.0225 3.2116 0.0731 
Perfect Match - Avg6-15ft 0.2475 0.0866 0.0777 0.4172 8.1654 0.0043 
 
   
Figure D1                                                                                                      
Comparison of the performance of logistic regression models for the general study area 
and sub-regions 
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medium to fine sand and silty sand grains Statistical tests also show that, within the 
general study area or the different sub-regions, the performance of shallow criteria is 
better than the performance of intermediate and deeper criteria (Figure D2) and the 
performance of minimum statistics is better than the average statistics in general. 
Statistical comparisons of shallow, intermediate and deep SPT criteria for the general 
study area and localized sub-regions.  
Geomorphology - Lowlands Geomorphology - Ridges 
a  b  
Geology - Qu Geology - QBd 
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Overburden thickness 
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66 
 
  
 
 
 
Soil type 
Carbonate 
 
 
 
Soil type 
Medium to fine sand 
  
Soil type 
Clayey sand 
 
67 
 
 
 
Figure D2                                                                                                                           
Roc contrast for the different   sub-regions 
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Appendix E: Examples of Data used for the analysis 
 
 
 
Figure E1 
Typical site plan of a residential site with interior and exterior GPR survey lines. The 
blue shaded areas indicate identified anomaly areas. Borehole 2 and 3 are drilled on GPR 
anomalies and borehole 1 is drilled close to the residential site as GPR anomaly 1 is 
relatively far away from the structure. 
(Figure is modified from Geoview, Inc.) 
 
BH1 
BH2 
BH3 
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Figure E2 
Typical GPR anoamly showing sinkhole activity near the shallow sub-surface. The top 
GPR image,  produced from GPR transect 2 showed GPR anomalies centered at 10ft and 
60ft distace from the start point. The anomalies show downwaping structure accompanied 
by a sudden increase in signal amplitude and peneteration. 
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Figure E3 
Typical borehole log results from geotechnical field drilling and insitu testing. Soil types 
are classified based on geotechnial labraroy analysis using unified soil classification 
(UCS) system. 
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Appendix F: Background reading about the geology of the study area 
Geomorphology 
  Florida has three physiographic zones (Figure F1) which are the southern distal zone, 
the central or mid - peninsular zone and the northern proximal zone (White, 1970).  The 
study area is located in the mid - peninsular zone which is characterized by lowlands and 
elongated ridge – like uplands (White, 1970).   
 
 
Figure F1 
 Physiographic zones of Florida (After White, 1970) 
 
The geomorphology of Florida is greatly shaped by past karst activities which occurred 
due to fluctuations in sea – level and ground water level (Scott, 1988). The study area is 
characterized as mantled karst terrain where the karst topography is covered by clastic 
sediments of varying thickness (Tihansky, 1999). The surface topography is characterized 
72 
 
by depressions and hummocky topography due to the development of sinkhole and 
presence of carbonate rocks that resisted erosion.  The highest point within the study area 
is located at the Brooksville Ridge which stretches from northern Citrus county thorough 
Hernando County to southern Pasco County (White, 1970). This ridge is located on the 
Ocala platform which is formed by westward tilt of thickened Eocene strata (Scott, 
1988). Generally, the western and central parts of the study area are characterized by low 
lands. The northeastern part of the study area is characterized by northwest aligned ridges 
and plain area east of the ridges.  The southeast part of the study area is characterized by 
uplands and swampy areas are located near the northeastern coast . 
 
Geology 
The geology of the study area is characterized by covered karst terrain where carbonate 
bedrock is overlain by tertiary to quaternary sediments of varying thickness (Figure F2). 
These bedrocks are thick carbonate and evaporite deposits that are underlain by basement 
rocks forming foundation of the Florida platform (Figure F2). These limestone, dolostone 
and evaporite stratigraphic units have thickness ranging from 2,000 to 2,500 feet 
underlying layers of marine, transitional, and terrestrial siliclastic deposits (Scott, 1988). 
The thickness of the overlying sediment in WCF varies from 30ft to more than 200ft and 
generally increases in thickness from north to south (Sinclair and Stewart, 1985).   
 
Tectonically, Florida is located in a stable passive margin that has formed after the 
breakup of the super continent Pangaea during   late Triassic to middle Jurassic. The 
breakup of Pangaea led to the separation of the North American continent plate from 
73 
 
African and Eurasian plates (Smith, 1982). The sequence of rock forming the Florida 
basement are similar to the sequences found in the African plate and different from the 
basement rock sequences found in the other parts of the North American plate. This 
basement rocks include Precambrian - Cambrian Igneous rocks, Ordovician – Devonian 
sedimentary rocks and Triassic – Jurassic volcanic rocks forming the basement rocks of 
the Floridian platform (Arthur, 1988; Scott 1988). The Florida platform was formed by 
the deposition of carbonate sediments unconformably overlying the basement rocks under 
stable shallow – marine environment. Stable carbonate deposition continued from mid - 
Jurassic to mid – Oligocene until the uplift and erosion of the Appalachian highlands in 
the North and sea – level fluctuation that resulted in the transportation of siliclastic 
sediment to the shallow - marine carbonate deposition environment (Scott, 1981). This 
deposition has continued until siliclastic deposits began to cover the platform in Miocene 
and completely covered it by mid Pliocene (Scott, 1988). Active deposition of carbonate 
in Florida platform exists currently only at the south western part of the Florida platform 
(Hine, 1997). Most of the state of Florida lies on the Florida platform which has a 
maximum width of 500km and maximum length of 725km measured above the 91m 
Isobaths (Scott, 1988). The estimated thickness of the platform is approximately 7km.  
 
Lithostratigraphic units 
The lithostratigraphic units that are mostly related to the formation of sinkholes in WCF 
are the quaternary to tertiary thin siliclastic deposits and the underlying thicker tertiary 
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 Figure F2                                                                                                                             
a)   Block model of the Florida platform    b) Cross-section of the Florida platform 
 
carbonate deposits (Figure 13). Some younger carbonate units including Ocala and 
Suwannee limestone crop out at small parts of the study area (Figure 13) while none of 
the evaporate units are exposed. Below is lithostratigraphic description of the most 
important units in the study area as summarized from the detail description in Scott 
(1981).     
Tap – Avon Park Formation: These are Middle Eocene sediments which include 
limestone and dolostone rocks with lower Gypsum and Anhydrite units. It is the oldest 
sedimentary outcrop in Florida and it crops out on the crest of the Ocala platform in 
WCF. This formation is part of the Floridian aquifer system. 
To – Ocala limestone: The Ocala limestone is mainly pure limestone and contains 
dolostone units at some parts of WCF. It comprises the lower and upper facies.  The 
upper facies is very fossiliferous and is more commonly present than the lower facies 
which is absent in most parts of the Ocala limestone. The lower facies can be partly or 
completely dolomitized at some places. It crops out at different parts of WCF and form a 
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significant topographic relief in Ocala area. It is a permeable unit which has been 
significantly affected by karstification making it an important part of the Floridian aquifer 
system. 
Ts – Suwannee Limestone: The Suwannee limestone comprises lower Oligocene 
fossiliferous limestone rocks which are exposed at different parts of WCF. It is absent in 
the eastern parts of the Ocala uplift either due to erosion or non-deposition. It is 
dolomitized or silicified at some parts.  
Th – Undifferentiated Hawthorn group: The undifferentiated Hawthorn group mostly 
contains clayey sand to sandy clay clastic sediment and is highly weathered at most 
locations leaving an impermeable residual soil. It crops out at parts of Pinellas and Pasco 
counties in the study area. It also acts as a confining layer to intermediate aquifers.  
Tha / That – Hawthorn group: This group contains the undifferentiated Arcadia formation 
and Tampa member. It outcrops at most parts of WCF including Hillsborough and Pasco 
counties. The undifferentiated Arcadia formation (Early Oligocene - Middle Miocene) 
ranges from limestone to dolostone with variable siliclastic compositions and also 
contains thin clastic sedimentary layers at different parts. This part also contains 
economically significant amount of phosphate deposit. The Tampa member of the 
Hawthorn group (Late Oligocene to Early Miocene) is also limestone with variable 
siliclastic composition but with minor to low phosphate composition. The Tampa 
member together with the lower parts of the Arcadia formation make the upper Floridian 
aquifer (Scott, 2001). This group gets thicker to the south west and makes an intermediate 
aquifer. 
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Thp – Peace River Formation: The Peace river formation is middle Miocene to lower 
Pliocene in age. It contains interbedded sands and clays with variable amount of 
carbonates and phosphates. It crops out in Hillsborough county and contains significant 
amount of phosphate which is mined frequently. It also forms part of the intermediate 
confining units or the intermediate aquifer system. 
Thpb – Bone valley member: This unit is a member of the Peace River formation and it 
crops out at parts of Hillsborough county. It contains clastic sediments ranging from clay 
to sand and distinct phosphate deposit. 
TQu - Undifferentiated Tertiary-Quaternary Sediments: These are tertiary siliclastic 
sediments of varying size ranging from clay to sand. They are found at higher elevation 
than the undifferentiated quaternary deposit because of higher sea level during the 
Pleistocene (Colquhoun, 1969). These units also form surficial aquifer.  
TQsu - Tertiary-Quaternary Fossiliferous Sediments of Southern Florida: These are 
Mollusk bearing tertiary and quaternary deposits of Florida which are famous for 
preserving a variety of fossils. 
Qu - Undifferentiated Quaternary Sediment: This unit is Pleistocene in age and cover 
most parts of Florida. It is siliclastic in nature having varying thickness at places. These 
sediments are further classified based on deposition environment and mechanism. Hence, 
alluvial and floodplain sediments are classified as Qal, sediments that show beach ridge 
or dune surface expressions are designated as QBd and those composing trail ridge as 
Qtr. 
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Qh - Holocene Sediments: Holocene sediments are quartz or carbonate sands, muds and 
organic deposits found near the coastline at elevations lower than 1.5m. 
 
